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ABSTRACT 19 
The relationship between surface infrared (IR) emissivity and soil moisture content has been 20 
investigated based on satellite measurements. Surface soil moisture content can be estimated by 21 
IR remote sensing, namely using the surface parameters of IR emissivity, temperature, 22 
vegetation coverage, and soil texture.  It is possible to separate IR emissivity from other 23 
parameters affecting surface soil moisture estimation.  The main scope or objective of this paper 24 
is to examine the correlation between land surface IR emissivity and soil moisture.  To this end, 25 
we have developed a simple yet effective scheme to estimate volumetric soil moisture (VSM) 26 
using IR land surface emissivity retrieved from satellite IR spectral radiance measurements, 27 
assuming those other parameters impacting the radiative transfer (e.g., temperature, vegetation 28 
coverage, and surface roughness) are known for an acceptable time and space reference location.  29 
This scheme is applied to a decade of global IR emissivity data retrieved from MetOp-A Infrared 30 
Atmospheric Sounding Interferometer (IASI) measurements.  The VSM estimated from these IR 31 
emissivity data (denoted as IR-VSM) is used to demonstrate its measurement-to-measurement 32 
variations. Representative 0.25-degree spatially-gridded monthly-mean IR-VSM global datasets 33 
are then assembled to compare with those routinely provided from satellite microwave (MW) 34 
multi-sensor measurements (denoted as MW-VSM), demonstrating VSM spatial variations as 35 
well as seasonal-cycles and inter-annual variability.  Initial positive agreement is shown to exist 36 
between IR- and MW-VSM.  IR land surface emissivity contains surface water content 37 
information.  So, when IR measurements are used to estimate soil moisture, this correlation 38 
produces results that correspond with those customarily achievable from MW measurements.  A 39 
decade-long monthly-gridded emissivity atlas is used to estimate IR-VSM, to demonstrate its 40 
seasonal-cycle and inter-annual variation which is spatially coherent and consistent with that 41 
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from MW measurements, and, moreover, to achieve our objective of investigating the 42 
relationship between land surface IR emissivity and soil moisture. 43 
 44 
Keywords—Remote sensing, infrared ultra-spectral sounder, surface emissivity, soil moisture. 45 
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1.  Introduction 47 
Land surface thermodynamic parameters are significant in Earth system science 48 
applications, and provide linkage to the energy balance between the land surface and 49 
atmosphere.  These land surface parameters of skin temperature, emissivity, and soil moisture, 50 
together with atmospheric thermodynamic parameters, are critical to scientific research 51 
concerned with the hydrologic cycle, weather, and climate (Li et al., 2013; Turner & Annamalai, 52 
2012; Seneviratne et al., 2010).  Significant efforts have been devoted to the observation, 53 
modeling, and understanding of these parameters (e.g., Reichle et al., 2003; Fan & van den Dool, 54 
2004).  55 
Satellite-based microwave (MW) sensors have been developed and deployed to derive 56 
global soil moisture since 1978 (Wang & Qu, 2009; Owe et al., 2008).  They include passive 57 
microwave sensors like the Nimbus-7 Scanning Multichannel Microwave Radiometer (SMMR) 58 
(e.g., Gloersen et al., 1984), the DMSP Special Sensor Microwave Imager (SSM/I) (e.g., 59 
Hollinger et al., 1990), the TRMM Microwave Imager (TMI) (e.g., Bindlish et al., 2003), and the 60 
Aqua Advanced Microwave Scanning Radiometer for EOS (AMSR-E) (e.g., Njoku et al., 2003), 61 
along with active microwave sensors such as the ERS-1 and ERS-2 Scatterometer (e.g., Wagner 62 
et al., 1999), and the MetOp Advanced Scatterometer (ASCAT) (e.g., Bartalis et al., 2007).  In 63 
addition, the recent missions of Soil Moisture and Ocean Salinity (SMOS) and Soil Moisture 64 
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Active Passive (SMAP) are providing soil moisture measurements (e.g., Kerr et al., 2001; 65 
Entekhabi et al., 2010). 66 
Global volumetric soil moisture (VSM) products are routinely derived from satellite 67 
microwave sensors.  However, efforts have been made in estimating soil moisture from thermal 68 
infrared (TIR) measurements as well for many decades (e.g., Wang & Qu, 2009; Verstraeten et 69 
al., 2006; Carlson et al., 2009).  Previous studies have also recognized that the land surface 70 
emissivity retrieved from infrared radiance measurements contains land moisture content 71 
information (Urai, et al., 1997; Ogawa et al., 2006; Mira et al., 2010; Garcia-Santos et al., 2014).  72 
In this effort, we wish to further exploit the fact that land surface water content information (i.e., 73 
soil moisture) is contained within infrared (IR) radiance measurements from the polar-orbiting 74 
environmental satellite advanced atmospheric sounding sensors such as the Aqua Atmospheric 75 
Infrared Sounder (AIRS) (Pagano et al., 2003; Aumann et al., 2003; Chahine et al., 2006), the 76 
MetOp Interferometer Atmospheric Sounding Instrument (IASI) (Blumstein et al., 2004; Klaes et 77 
al., 2007; Hilton et al., 2012), and the Suomi NPP Cross-track Infrared Sounder (CrIS) (Bloom, 78 
2001; Strow et al., 2013; Divakarla et al., 2014).   79 
Investigation into the relationship between land surface IR emissivity and soil moisture 80 
content has been performed and reported in this paper, giving another perspective from the IR 81 
ultra-spectral radiance measurements in addition to that of the traditionally used MW 82 
measurements.  Global land surface emissivity with a decadal global-coverage climate 83 
variability, retrieved from satellite IR ultra-spectral radiance measurements of IASI, is available 84 
to carry out this investigation.  Our surface IR spectral emissivity retrieval algorithm was 85 
initially developed with data from the National Airborne Sounder Testbed-Interferometer 86 
(NAST-I).  Emissivity is retrieved via its empirical orthogonal function (EOF) amplitudes using 87 
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a physical-regression retrieval; details of the retrieval algorithm are found elsewhere (Zhou et al., 88 
2002); and later, the inversion scheme, dealing with cloudy as well as cloud-free radiances has 89 
been developed and applied to IASI data to retrieve simultaneously atmospheric thermodynamic 90 
and surface or cloud microphysical parameters (Zhou et al., 2009; 2011; 2013). 91 
The purpose of this study is to investigate the relationship between IR emissivity and soil 92 
moisture, to introduce a simple methodology to estimate volumetric soil moisture (VSM) from 93 
land surface IR emissivity, and to inter-compare the VSM estimated from the IR emissivity 94 
(hereafter denoted as IR-VSM) with that retrieved from satellite multi-sensor microwave 95 
measurements (hereafter donated as MW-VSM, obtained from the ESA CCI website 96 
http://www.esa-soilmoisture-cci.org).  It is worth pointing out that the IR sensor detects radiation 97 
from both the atmosphere and surface.  The emissivity retrieved from IR radiance is the surface 98 
emissivity, so the IR-VSM estimated is referring to a surface or near-surface soil moisture 99 
throughout this paper.  Currently, a 0.25° spatially-gridded monthly-mean IR land surface 100 
emissivity atlas, assembled from those data products retrieved from MetOp-A IASI 101 
measurements throughout this past decade (2007–2017), is used to estimate its corresponding IR-102 
VSM and help characterize its seasonal-cycle and inter-annual variability.  Our objectives for 103 
this study are to confirm that the land surface emissivity contains soil moisture content 104 
information, to estimate global IR-VSM from real IASI hyperspectral data, and to demonstrate 105 
the variation consistency between MW- and IR-VSM.  An overview of the methodology for 106 
converting IR emissivity to VSM is given in Section 2.  IASI single field-of-view (SFOV) VSM 107 
estimation and its seasonal-cycle and inter-annual variations are presented in Section 3 and 108 
discussed in Section 4, followed by the conclusions drawn from them in Section 5. 109 
 110 
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2.  Methodology for IR-VSM estimation 111 
The emissivity retrieved from satellite-measured IR radiance is an “effective” emissivity 112 
within the satellite instrument FOV, corresponding to a linear combination of pure scene types 113 
(Valor & Caselles, 1996; Hulley et al., 2001; Zhou et al., 2011).  Those pure scene types include 114 
water content; for example, Zhou et al. (2011) used this linear combination to assess satellite-115 
retrieved emissivity for the Kalahari validation site.  The laboratory measured sand emissivity is 116 
combined with other possible surface materials.  The effective emissivity  can be expressed as 117 
 ߝ ൌ ∑ a௜ߝ௜௡௜ୀଵ ,  (1) 118 
where ai is the fractional contribution for pure scene type i, assuming a total of n types in the 119 
FOV.  Furthermore, Eq. (1) can be written as a linear combination of water emissivity and non-120 
water (or dry) emissivity as 121 
 ߝ ൌ Aߝw ൅ ሺ1-Aሻߝd	,  (2) 122 
where w (=0.995) and d are wet (i.e., water) and dry (i.e., non-water) emissivity, respectively.  123 
Coefficient A is the water proportion (0 ൑ A ൑ 1ሻ related to the land surface soil moisture 124 
content.  It is evident that retrieved emissivity is a function of soil moisture (Mira et al., 2010; 125 
Sánchez et al., 2011) and its accuracy is critical for estimating soil moisture content. 126 
In order to constrain the absolute value of VSM in our inversion processing from IR 127 
emissivity, Eq. (2) is expressed as 128 
 ߝ ൌ fߝw ൅ ሺ1-fሻߟ	,  (3) 129 
where f is an empirical constraining function of volumetric soil moisture denoted as  hereafter 130 
and defined as 131 
 fሺߛሻ ൌ 	0.5 log ቂ୪୭୥ሺ0.501ሻି୪୭୥ሺ0.50ିఊሻ୪୭୥ሺ0.501ሻି୪୭୥ሺఊሻ ቃ .  (4) 132 
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The inversion of this function (i.e., VSM) is constrained between zero and 0.50 (m3/m3).  The 133 
upper boundary is based on the soil moisture climatology derived from microwave 134 
measurements of multiple satellite sensors (Owe et al., 2008; de Jeu et al., 2014; Liu et al., 135 
2011), the maximum value of MW-VSM is found to be less than 0.465 (m3/m3).  Where  in Eq. 136 
(3) is defined as a pseudo dry-emissivity climatology  137 
 ߟ ൌ ఌ೎ିఌೢfሺఊ೎ሻଵିfሺఊ೎ሻ 	,  (5) 138 
which can be derived from a land surface model or realistic climatology from historical 139 
measurements of surface emissivity and soil moisture.  Since 0.25° spatially-gridded monthly-140 
mean datasets for IR emissivity and MW soil moisture climatology from satellite measurements 141 
are available, we use these two climatology datasets to derive pseudo dry-emissivity using Eq. 142 
(5), where the superscript c is denoted for climatology.  To obtain , we used a MW-VSM 143 
monthly mean climatology generated from November 1978 to December 2015, the global 144 
Essential Climate Variables (ECV) soil moisture dataset (Owe et al., 2008; Liu et al., 2011; 145 
2012); and IR emissivity monthly mean climatology generated from June 2007 to May 2016 146 
(Zhou et al., 2011).  It is noted that the absolute scaling constraint is included herein since the 147 
climatological data of MW-VSM and IR emissivity were used.  This controls absolute scaling of 148 
the IR results, but allows IR-VSM to characterize geophysical field spatial and temporal 149 
variability from the observed IR emissivity.  150 
Emissivity at 1240 cm-1 (8.0645 m wavelength) is used since this spectral location has a 151 
significant emissivity sensitivity to surface water content variations; however, emissivity at 152 
another comparable frequency could be used as well.  Hereafter the emissivity  refers to a real 153 
total emissivity at 1240 cm-1.  It is noted that pseudo dry-emissivity varies from location to 154 
location and time to time as the non-moisture related surface condition (e.g., soil texture, 155 
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temperature, and vegetation cover) changes.  To account for that variation,  is currently 156 
computed with a monthly spatially-grid of 0.25° latitude-longitude.  Fig. 1 shows a pseudo dry-157 
emissivity climatology for the month of June.  It is noted that computed pseudo dry-emissivity 158 
climatology depends on time and location, in other words, the surface parameters other than real 159 
measured emissivity.   160 
 161 
 162 
Fig. 1.  A sample of pseudo dry-emissivity climatology for June is calculated using MW-VSM 163 
climatology and IR emissivity climatology at 1240 cm-1. 164 
 165 
Estimation of IR-VSM is now straightforward via f() of Eq. (3) using IR-emissivity at 166 
1240 cm-1, water emissivity at the same frequency, and a pseudo dry-emissivity  interpolated 167 
from its original spatial and temporal grid to the location and time of observed IR emissivity.  168 
The function f() is calculated as 169 
 fሺߛሻ ൌ ఌିఎ
0.995ିఎ 	.  (6) 170 
As shown in Eq. (6), the soil moisture  is a function of the pseudo dry-emissivity  and the real 171 
total emissivity  at a certain time and location.  Here it is assumed that  has a higher frequency 172 
variation containing water content information while  has a lower frequency background 173 
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variation containing non-water content information (see Section 4 for a detailed discussion with 174 
examples).  In this study, the  is satellite-measurement derived and the  is climatologically 175 
predicted.  The spatial and temporal resolution of  is desired to be similar to that of  to account 176 
for spatial and temporal variation.  The IR-VSM is then obtained via the inversion of f() in Eq. 177 
(4); a pre-calculated lookup table for  = f-1 is used to obtain IR-VSM .  178 
The correlation between  and  is plotted in Fig. 2 with  at a certain location (i.e., a 179 
0.25-degree grid in this case), and the correlation varies from month-to-month.  For example,  180 
variations observed at two different locations are plotted to show that they vary in space and 181 
time.  The function f() of Eq. (6) is a function of the real emissivity  and pre-determined 182 
pseudo dry-emissivity .  At a certain location and time, the estimated soil moisture varies on the 183 
dashed curve as the emissivity changes, and the dashed curve changes as the time of the year 184 
changes.  Currently the temporal resolution of  is at each month; for a daily VSM estimation,  185 
is linearly interpolated between two monthly climatology data points.  While it is strongly 186 
desired to have a higher temporal resolution for climatological datasets, the results herein are 187 
based on the information currently available for this study. 188 
 189 
3. IR-VSM results, variability, and comparisons with MW-VSM  190 
The IR-VSM estimated by Eq. (6) is referring to a surface or near-surface soil moisture.  191 
The rapid change of water content on the surface, from rain for example, could affect estimated 192 
IR-VSM as the emissivity changes correspondingly.  However, an averaged IR-VSM over a 193 
period of a few days (i.e., short term) might be able to smooth out some rapid changes of IR-194 
VSM from high-frequency (i.e. weather) related events and allow more of a focus on low-195 
frequency (i.e. climatological) related trends.  This short-term-temporally averaged IR-VSM 196 
 10 
might be close to near-surface (0–5 cm) VSM, as the surface and near-surface soil moisture 197 
could be similar when they are averaged.  We are mindful that some differences between IR- and 198 
MW-VSM are inevitable due to the nature of the different sensor / spectral band characteristics. 199 
 200 
 201 
Fig. 2.  Two samples of correlation between soil moisture and IR emissivity as a function of 202 
pseudo dry-emissivity depending on location and time. The symbols shown on the curves 203 
indicate the monthly climatology of MW-VSM and IR emissivity, which are used to calculate 204 
pseudo dry-emissivity.   205 
 206 
The pseudo dry-emissivity  derived here has a spatial resolution of 0.25-degree latitude-207 
longitude (about a 25-km diameter), and a temporal resolution of 12 months.  IASI SFOV is 208 
about 12 km, which is also the spatial resolution of retrieved .  For an individual IASI 209 
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measurement, we obtain a spatial-grid and linearly interpolated  at the closest location and time 210 
of the measurement.  We assume that climatological  interpolated to that time and location of 211 
the measurement is similar to its real surface condition (e.g., surface temperature, soil texture, 212 
vegetation coverage).  Then we can use Eq. (6), the relationship between the IR-VSM and IR 213 
emissivity, to estimate IR-VSM  using a retrieved emissivity  and a “known” pseudo dry-214 
emissivity . 215 
Daily IR-VSMs, estimated from IASI SFOV measurements, show a day-to-day (i.e., 216 
measurement to measurement) variation.  Missing data are due to cloudy conditions where IR 217 
surface emissivities were not possible to retrieve (Zhou et al., 2009; 2011).  VSM depends on the 218 
measurement time and/or the situations of clouds and rain.  Their day-to-day (temporal) variation 219 
is mainly from the emissivity  with “a higher frequency” variation, since “a lower frequency” 220 
variation from pseudo dry-emissivity  is assumed to be small from day to day.  Fig. 3 plots a 221 
0.25-degree weekly-mean assembled IR-VSM from two consecutive weeks of August 2010, 222 
showing the soil moisture evolution over the time from location to location.  A 0.25-degree 223 
monthly-mean assembled IR-VSM is then compared with MW-VSM, shown in Fig. 4 for the 224 
same region of Northern America, as an example for August 2010; the coefficient of 225 
determination (R2) and the standard deviation error (STDE) are 0.877 and 0.024 (m3/m3), 226 
respectively.  And a similar inter-comparison over the globe is shown in Fig. 5 with the R2 and 227 
STDE being 0.861 and 0.028 (m3/m3), respectively.  It is worth pointing out that IR-VSM 228 
estimated for an individual month of a certain year (e.g., shown in Figs. 4 & 5) does use the 229 
climatological pseudo dry-emissivity of the month.  Estimated IR-VSM is based on both the real 230 
emissivity (i.e., different from its climatology) and the pseudo dry-emissivity of the month (i.e., 231 
same as its climatology).  232 
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 233 
 234 
Fig. 3.  IASI week-to-week soil moisture distribution from two consecutive weeks in August 235 
2010. 236 
 237 
 13 
 238 
Fig. 4.  August 2010 monthly mean: (a) MW-VSM, (b) IR-VSM, and (c) the difference between 239 
MW- and IR-VSM in (m3/m3).  The R2 and STDE indicated are from the plotted areas. 240 
 241 
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 242 
Fig. 5.  Same as Fig. 4, but for a global coverage.  The R2 and STDE indicated are from the 243 
plotted areas. 244 
 245 
This decade-long global IR emissivity data record has already shown a seasonal-cycle 246 
and inter-annual variations (Zhou et al., 2013).  We are confident that those variations should 247 
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also be signified in IR-VSM but wish to verify this with MW-VSM, which ensures that the 248 
corresponding IR emissivity retrieval approach is consistent.  This decade long IR-VSM data 249 
record is used to examine IR-VSM seasonal-cycle and inter-annual variations by inter-comparing 250 
them with those of MW-VSM.  Many interesting phenomena are captured by VSM and worth 251 
exploring. We have chosen two locations to demonstrate IR-VSM variability.  One is the 2009 252 
drought and 2010 greater rainfall (flooding) observed in Australia and the other is the monsoon 253 
cycle observed in South Asia.  In Australia, the 2009 drought and 2010 greater rainfall (flooding) 254 
are recorded during the 2009 El Niño and 2010 La Niña events, respectively.  The VSM captures 255 
the drought and greater rainfall periods.  Depending on the location, VSM may have seasonal-256 
cycle domination in coastal areas, while it may have inter-annual-variation domination in central 257 
regions.  For example, Fig. 6 plots VSM at 23.5° South latitude and 135° East longitude showing 258 
its inter-annual variation captured by both MW- and IR-VSM during the 2009 El Niño and 2010 259 
La Niña events; R2 and STDE data shown in the plot are from the overlapping period from June 260 
2007 to December 2016.  To clearly show its inter-annual variation, Fig. 6b plots VSM for the 261 
month of September only (i.e., any random month can be selected for this demonstration).  It is 262 
noted that MW-VSM is available from 1978 to 2015, but we only plotted the data from the 263 
period for which IR-VSM is available.   264 
The second example is the monsoon cycle observed in Southern Asia.  In India and 265 
Pakistan, rainfall lasting from July to September is dominated by the humid southwest summer 266 
monsoon that slowly sweeps across the country beginning in late May or early June.  Monsoon 267 
rains begin to recede from North India at the beginning of October.  Floods and droughts are a 268 
normal occurrence in India and Pakistan; understanding the South Asian monsoon season and 269 
how it will change in the future is a fundamental challenge for climate science that has been 270 
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brought to the world’s attention (Seneviratne et al., 2010).  So, we have chosen a location at 25° 271 
North latitude and 70° East longitude of Southeast Pakistan (near the Indian border) to reveal a 272 
seasonal cycle of VSM that is associated with the South Asian monsoon.  Similar to Fig. 6, 273 
monthly mean VSM from both MW- and IR-VSM showing its seasonal-cycle and inter-annual 274 
variations are plotted in Fig. 7a.  The VSM for the month of September of each year from 2007 275 
to 2016 is plotted in Fig. 7b to explain its inter-annual variation for clarity, showing a higher 276 
frequency variation containing water content information of  while a lower frequency 277 
background variation of  has been set to be a climatological constant (see discussion in next 278 
section).  The IR-VSM inter-annual variation of the same month from different years is coherent 279 
with MW-VSM, e.g., shown in Fig. 7b (and Fig. 6b), confirming that the IR emissivity truly 280 
contains water content information.   281 
Seasonal-cycle and inter-annual variation of VSM may not be obvious in all observations 282 
everywhere; it depends on surface climate and soil conditions and their spatial / temporal 283 
variability.  However, the above two cases illustrate that the IR-VSM seasonal-cycle and inter-284 
annual variation are practically consistent with that inferred from the MW-VSM.  A few more 285 
samples from the globe showing VSM variation over the time for both MW- and IR-VSM are 286 
plotted in Fig. 8 to show its seasonal-cycle and inter-annual variations at various locations.  A 287 
relatively small difference is expected as they are measured by different instruments.  In general, 288 
IR-VSM agrees well with MW-VSM, at least, in a sense of their variations.  As shown in Figs. 4-289 
8, a minor but significant error can be introduced by the pre-calculated pseudo dry-emissivity 290 
climatology and it may not precisely represent the current condition of observations at a specific 291 
time.  IR-VSM accuracy is also directly dependent on the accuracy of the IR emissivity retrieval, 292 
and it is very difficult to near impossible to directly validate land surface emissivity globally.  293 
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Some more discussion on IR-VSM accuracy is given in the following section to explain why the 294 
absolute accuracy of IR-VSM is not addressed in this paper. 295 
 296 
 297 
Fig. 6.  (a) Monthly mean MW- and IR-VSM from Central Australia, (b) September samples 298 
only.  R2 and STDE data shown in the plot are from the overlapping period from June 2007 to 299 
December 2016. 300 
 301 
 302 
Fig. 7.  Similar to Fig. 6, but from Southeast Pakistan (near the Indian border). 303 
 18 
 304 
 305 
Fig. 8.  Samples plotted to show VSM variation for both MW-VSM (in blue) and IR-VSM (in 306 
red).  307 
 308 
 309 
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4. Discussion 310 
Here we would like to use the above two cases of the 2009 drought and 2010 flooding 311 
observed in Australia and the monsoon cycle observed in South Asia to expand our discussion on 312 
Eq. (6) to investigate how soil moisture was affected by the change of the real emissivity and 313 
pseudo dry-emissivity.  In order to carry out this discussion, soil moisture is calculated by two 314 
approaches: (1) the pseudo dry-emissivity is set to be a constant of its mean and (2) the real 315 
emissivity is set to be a constant of its mean in Eq. (6). 316 
Fig. 9 plots IR-VSM estimated with IASI emissivity and climatological pseudo dry-317 
emissivity (same as shown in Fig. 6a), IR-VSM estimated with IASI emissivity and a constant 318 
pseudo dry-emissivity (scenario #1), and IR-VSM estimated with a constant emissivity and 319 
climatological pseudo dry-emissivity (scenario #2).  A higher frequency variation from scenario 320 
#1, relating to a real emissivity containing water content information, captures the 2009 drought 321 
and 2010 greater rainfall (flooding) events.  A lower frequency background variation from 322 
scenario #2 is only related to a climatological pseudo dry-emissivity and repeated with a period 323 
of one year.  As mentioned above, the IR-VSM can be estimated from the real emissivity if we 324 
assume the climatological pseudo dry-emissivity is reasonably accurate.  Fig. 10 plots the 325 
correlation between the emissivity and IR-VSM although the monthly mean data are used.  The 326 
year-to-year variation of IR-VSM from the same month (i.e., dashed-curves of Fig. 10) depends 327 
on emissivity variation only because the climatological pseudo dry-emissivity of the month is a 328 
constant.  For example, the month of July from 2007 to 2016 (i.e., a family of July monthly-329 
mean data from 10 different years) is plotted on the dashed curve to show the relationship 330 
between IR-VSM and emissivity as described by Eq. (4) & (6); the dashed curve is controlled by 331 
the climatological pseudo dry-emissivity of Eq. (5).  IR-VSM from the same month of different 332 
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years (e.g., shown in Figs. 6b & 10) varies as the emissivity changes while the same 333 
climatological pseudo dry-emissivity is used.   334 
 335 
 336 
Fig. 9. IR-VSM estimated with IASI emissivity and climatological pseudo dry-emissivity (in 337 
red), IR-VSM estimated with IASI emissivity and a constant pseudo dry-emissivity of 0.978 (in 338 
blue), and IR-VSM estimated with a constant emissivity of 0.964 and climatological pseudo dry-339 
emissivity (in green, repeated every 12 months) are plotted from Central Australia. 340 
 341 
 342 
Fig. 10. Relationship between the emissivity and estimated soil moisture plotted in Fig. 6 343 
(Central Australia). 344 
 345 
Similar plots like Figs. 9 & 10 are given in Figs. 11 & 12 for the second case of monsoon 346 
cycle observed in South Asia, showing the correlation between the soil moisture, emissivity, and 347 
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pseudo dry-emissivity as described by Eqs. (4) & (6).  As shown in Fig. 11, IR-VSM peaks of 348 
seasonal variation are in good agreement with MW-VSM as shown in Fig. 7a, but they are 349 
shifted when the real emissivity or pseudo dry-emissivity are set to be a constant. 350 
 351 
 352 
Fig. 11. Similar to Fig. 9, but from Southeast Pakistan (near the Indian border): IR-VSM (in 353 
blue) uses a constant pseudo dry-emissivity of 0.980, and IR-VSM (in green, repeated every 12 354 
months) uses a constant emissivity of 0.962. 355 
 356 
 357 
Fig. 12.  Similar to Fig. 10, but from Southeast Pakistan (near the Indian border). 358 
 359 
IR- and MW-VSM are not expected to be exactly the same since IR-VSM variation is 360 
affected by IR emissivity.  The IR-VSM presented herein captures soil moisture variability but 361 
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not the absolute accuracy which depends on the accuracies of both emissivity and pseudo dry-362 
emissivity.  Fig. 13 plots global monthly statistical parameters of R2 and STDE between MW- 363 
and IR-VSM; each data point represents a global monthly comparison as plotted in Fig. 5.  It 364 
reflects how IR-VSM compares with MW-VSM in a statistical sense for global coverage over 365 
the period from June 2007 to December 2015.  Overall global R2 and STDE during this period 366 
are estimated to be about 0.85 and 0.032 (m3/m3), respectively, a statistical measure between the 367 
two datasets of MW- and IR-VSM.  Since the same MW-VSM climatology was employed to 368 
derive pseudo dry-emissivity used in this analysis, an overall bias between IR- and MW-VSM is 369 
automatically corrected but its STDE can still be estimated.  It is worth noting that some 370 
significant differences (not presented herein) exist between the ESA CCI and SMAP (available 371 
from the website http://nsidc.org) soil moisture data products; we believe this to result from 372 
different pseudo dry-emissivity climatology which are a function of the assumed soil moisture 373 
climatology.  As previously stated, the scope of this paper was not to precisely derive the 374 
absolute value of IR-VSM from IR emissivity but, rather, to examine the correlation between 375 
such emissivity and soil moisture by estimating IR-VSM and comparing it with MW-VSM.  We 376 
do believe that an improved IR-VSM (i.e., surface or near surface soil moisture) can be derived 377 
from IR emissivity when we have a better characterization of the pseudo dry-emissivity 378 
climatology which depends on the accuracy of the available MW-VSM climatology.  379 
 380 
5.  Summary and future work 381 
In this paper, we reported on our investigation into the relationship between IR-VSM and 382 
infrared land surface emissivity from a global perspective as inferred from advanced sounder 383 
satellite data.  Achieved objectives for this study were: (1) to confirm that the land surface 384 
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emissivity retrieved from IR hyperspectral measurements contains soil moisture content 385 
information; (2) to estimate VSM using infrared land surface emissivity and climatological 386 
pseudo dry-emissivity (i.e., climatological MW-VSM and IR emissivity); and (3) to demonstrate 387 
that IR-VSM, as well as its variation, is consistent with MW-VSM using an 8-year period of 388 
overlapping satellite data from MW and IR observations.   389 
 390 
 391 
Fig. 13.  Global monthly statistical parameters of R2 and STDE between MW- and IR-VSM. 392 
 393 
IR-VSM is preliminarily estimated from IASI SFOV measurements and a pseudo dry-394 
emissivity climatology. In addition to their temporal variation from week-to-week, and month-395 
to-month, the spatial distribution is found reasonable, in the sense of its monthly mean inter-396 
comparison with that derived from the microwave measurements (i.e., ESA CCI VSM).  A 397 
decade-long global climatology of monthly-gridded emissivity from IASI is used to estimate IR-398 
VSM and to demonstrate its seasonal-cycle and inter-annual variations.  Soil moisture estimated 399 
from IR emissivity and a pseudo dry-emissivity climatology is shown to be spatially coherent 400 
and consistent with that from MW measurements. IR-VSM seasonal-cycles and inter-annual 401 
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variations are captured and verified with those of MW-VSM.  Positive agreement between the 402 
IR-VSM estimated from IASI emissivity and MW-VSM indicates that IR land surface emissivity 403 
contains water content information and, when used to estimate IR-VSM, is consistent with that 404 
obtained from MW measurements.  Positive results from IR- and MW-VSM inter-comparisons 405 
confirm the correlation between soil moisture, IR land emissivity, and pseudo dry-emissivity as 406 
described by Eq. (6). 407 
Our future work in this area will include obtaining or deriving a higher temporal 408 
resolution database for a climatological pseudo dry-emissivity, and validating for IR-VSM daily 409 
products with other satellite and/or in-situ data.  Both IR-VSM and emissivity will be routinely 410 
derived using IASI SFOV measurements from both MetOp IASI satellite sensors with a desired 411 
higher-temporal-resolution climatological database of pseudo dry-emissivity.  This scheme can 412 
also be applied to IR emissivity retrieved from the SNPP CrIS sensor as well as other types of 413 
satellite instruments, such as the Moderate Resolution Imaging Spectroradiometer (MODIS) of 414 
NASA Terra and Aqua spacecraft (Wan & Li, 1997; Seemann et al., 2008) to estimate its land 415 
VSM from satellite IR measurements.  MW-VSM data from recent and/or new satellite sensors 416 
are desired to continue these inter-comparisons and/or validation of IR-VSM.  Multi-satellite 417 
sensor data from both IR and MW measurements might be used together to evaluate soil 418 
moisture product and provide a long-term global soil moisture climatological dataset. 419 
 420 
Acknowledgments 421 
This work, including the land surface emissivity retrieval algorithm, was performed 422 
under the NAST-I program supported by NASA Headquarters and NASA Langley Research 423 
Center.  IASI was developed and built under the responsibility of the Centre National d’Etudes 424 
 25 
Spatiales (CNES).  It is flown aboard the MetOp-A and -B satellites as part of the EUMETSAT 425 
Polar System.  The IASI L1C data are received through NOAA Comprehensive Large Array-426 
data Stewardship System (CLASS).  The ESA CCI Surface Soil Moisture Product (i.e., MW-427 
VSM) was downloaded from ESA CCI Soil Moisture website.  The SMAP soil moisture data 428 
were downloaded from NISDC website.  The authors wish to specifically acknowledge Dr. Jack 429 
Kaye of NASA’s Science Mission Directorate for his continued, enabling support of the NAST-I 430 
program. 431 
 432 
References 433 
Aumann, H. H., Chahine, M. T., Gautier, C., Goldberg, M. D., Kalnay, E., McMillin, L. M., 434 
Revercomb, H., Rosenkranz, P. W., Smith, W. L., Staelin, D. H., Strow, L. L., & Susskind, 435 
J. (2003). AIRS/AMSU/HSB on the Aqua mission: design, science objective, data 436 
products, and processing systems.  IEEE Transactions on Geoscience and Remote Sensing, 437 
41, 253–264. 438 
Bartalis, Z., Wagner, W., Naeimi, V., Hasenauer, S., Scipal, K., Bonekamp, H., Figa, J., & 439 
Anderson, C. (2007).  Initial soil moisture retrievals from the METOP-A Advanced 440 
Scatterometer (ASCAT).  Geophysical Research Letter, 34, L20401. 441 
Binglish, R., Jackson, T. J., Wood, E., Gao, H., Starks, P., Bosch, D., & Lakshmi, V. (2003).  442 
Soil moisture estimates from TRMM Microwave Imager observation over the Southern 443 
United States.  Remote Sensing Environment, 85, 507–515. 444 
Bloom, H. J. (2001).  The cross-track infrared sounder (CrIS): a sensor for operational 445 
meteorological remote sensing.  Proceedings of IEEE IGARSS, 3, 1341–1343. 446 
Blumstein, D., Chalon, G., Carlier, T., Buil, C., Hebert, P., Maciaszek, T., Ponce, G., & Phulpin, 447 
 26 
T. (2004).  IASI instrument: technical overview and measured performances.  SPIE 448 
Proceedings 5543, 196–207. 449 
Carlson, T. N., Gillies, R. R., & Perry, E. M. (2009).  A method to make use of thermal infrared 450 
temperature and NDVI measurements to infer surface soil water content and fractional 451 
vegetation cover.  Remote Sensing Reviews, 9, 161–173. 452 
Chahine, C., Pagano, T. S., Aumann, H. H., & Co-Authors (2006).  AIRS: improving weather 453 
forecasting and providing new insights into climate.  Bulletin of the American 454 
Meteorological Society, 87, 911–926. 455 
Cousins, D., & Smith, W. L. (1997).  National Polar-Orbiting Operational Environmental 456 
Satellite System (NPOESS) Airborne Sounder Testbed-Interferometer (NAST-I).  SPIE 457 
Proceedings, 3127, 323–331. 458 
De Jeu, R. A. M., Holmes, T. R. H., Parinussa, R. M., & Owe, M. (2014).  A spatially coherent 459 
global soil moisture product with improved temporal resolution.  Journal of Hydrology, 460 
516, 284–296. 461 
Divakarla, M., Barnet, B., X. Liu, & Co-authors (2014).  The CrIMSS EDR algorithm: 462 
characterization, optimization, and validation.  Journal of Geophysical Research, 119, 463 
4953–4977. 464 
Entekhabi, D., Njoku, E., O’Neill, P., Spencer, M., Jackson, T., Entin, J., Im, E., & Kellogg, K. 465 
(2010).  The soil moisture active passive (SMAP) mission.  Proceedings of the IEEE, 98, 466 
704–716. 467 
Fan, Y., & van den Dool, H. (2004).  Climate Prediction Center global monthly soil moisture 468 
data set at 0.5° resolution for 1948 to present.  Journal of Geophysical Research, 109, 469 
D10102. 470 
 27 
Garcia-Santos, V., Valor, E., Caselles, V., Coll, C., & Burgos, M. A. (2014).  Effect of soil 471 
moisture on the angular variation of thermal infrared emissivity of inorganic soils.  IEEE 472 
Geoscience and Remote Sensing Letters, 11, 1091-1095. 473 
Gloersen, P., Cavalieri, D. J., Chang, A. T. C., & Co-authors (1984).  A summary of results from 474 
the first NIMBUS 7 SMMR observation.  Journal of Geophysical Research, 89, 5335–475 
5344. 476 
Hilton, F., Armante, R., August, T., & Co-authors (2012).  Hyperspectral Earth Observation 477 
from IASI: five years of accomplishments.  Bulletin of the American Meteorological 478 
Society, 93, 347–370. 479 
Hollinger, J. P., Peirce, J. L., & Poe, G. A. (1990).  SSM/I Inst ment Evaluation.  IEEE 480 
Transactions on Geoscience and Remote Sensing, 28, 781–790. 481 
Hulley, G. C., Hook, S. J., Manning, E., Lee, S.-Y., & Fetzer, E. (2009).  Validation of the 482 
Atmospheric Infrared Sounder (AIRS) version 5 land surface emissivity product over 483 
Namib and Kalahari deserts.  Journal of Geophysical Research, 114, 9104.1–9104.11. 484 
Kerr, Y. H., Waldteufel, P., Wigneron, J.-P., Martinuzzi, J.-M., Fort, J., & Berger, M. (2001).  485 
Soil moisture retrieval from space: The Soil Moisture and Ocean Salinity (SMOS) mission.  486 
IEEE Transactions on Geoscience and Remote Sensing, 39, 1729–1735. 487 
Klaes, D. K., Cohen, M., Buhler, Y., Schlüssel, P., Munro, R., Luntama, J.-P., von Engeln, A., 488 
Clerigh, E. Ó., Bonekamp, H., Ackermann, J., & Schmetz, J. (2007).  An introduction to 489 
the EUMETSAT Polar System.  Bulletin of the American Meteorological Society, 88, 490 
1085–1096. 491 
Li, Z., Tang, B., Wu, H., Ren, H., Yan, G., Wan, Z., Trigo, I. F., & Sobrino, J. A. (2013).  492 
Satellite-derived land surface temperature: Current status and perspectives.  Remote 493 
 28 
Sensing Environment, 131, 14–37. 494 
Liu, Y. Y., Dorigo, W. A., Parinussa, R. M., de Jeu, R. A. M., Wagner, W., McCabe, M. F., 495 
Evans, J. P., & van Dijk, A. I. J. M. (2012).  Trend-preserving blending of passive and 496 
active microwave soil moisture retrievals.  Remote Sensing Environment, 123, 280–297. 497 
Liu, Y. Y., Parinussa, R. M., Dorigo, W. A., de Jeu, R. A. M., Wagner, W., van Dijk, A. I. J. M., 498 
McCabe, M. F., & Evans, J. P. (2011).  Developing an improved soil moisture dataset by 499 
blending passive and active microwave satellite-based retrievals.  Hydrology Earth System 500 
Science, 15, 425–436. 501 
Mira, M., Valor, E., Caselles, V., Rubio, E., Coll, C., Galve, J. M., Niclòs, R., Sánchez, J. M., & 502 
Boluda, R. (2010).  Soil moisture effect on thermal infrared (8–13 μm) emissivity.  IEEE 503 
Transactions on Geoscience and Remote Sensing, 48, 2251–2260. 504 
Njoku, E. G., Chan, T. K., & Nghiem, S. V. (2003).  Soil moisture retrieval from AMSR-E.  505 
IEEE Transactions on Geoscience and Remote Sensing, 41, 215–229. 506 
Ogawa, K., Schmugge, T. J., & Rokugawa, S. (2006).  Observations of the dependence of the 507 
thermal infrared emissivity on soil moisture.  Geophysical Research Abstracts, 8, 04996. 508 
Owe, M., De Jeu, R., & Holmes T. (2008).  Multisensor historical climatology of satellite-509 
derived global land surface moisture.  Journal of Geophysical Research, 113, F01002. 510 
Pagano, T. S., Aumann, H. H., Hagan, D. E., & Overoye, K. (2003).  Prelaunch and in-flight 511 
radiometric calibration of the Atmospheric Infrared Sounder (AIRS).  IEEE Transactions 512 
on Geoscience and Remote Sensing, 41, 265–273. 513 
Reichle, R. H., Koster, R. D., Dong, J. & Berg, A. A. (2003).  Global soil moisture from satellite 514 
observations, land surface models, and ground data: implications for data assimilation.  515 
Journal of Hydrometeorology, 5, 430–442. 516 
 29 
Sánchez, J. M., French, A. N., Mira, M., Hunsaker, D., Thorp, K. R., Valor, E., & Caselles, V. 517 
(2011).  Thermal infrared emissivity dependence on soil moisture in field conditions.  IEEE 518 
Transactions on Geoscience and Remote Sensing, 49, 4652–4659. 519 
Seemann, S. W., Borbas, E. E., Knuteson, R. O., Stephenson, G. R., & Huang, H.-L. (2008).  520 
Development of a global infrared land surface emissivity database for application to clear 521 
sky sounding retrievals from multi-spectral satellite radiance measurements.  Journal of 522 
Applied Meteorology and Climatology, 47, 108–123. 523 
Seneviratne, S. I., Corti, T., Davin, E. L., Hirschi, M., Jaeger, E. B., Lehner, I., Orlowshy, B., & 524 
Teuling, A. I. (2010).  Investigating soil moisture-climate interactions in a changing 525 
climate: A review.  Earth-Science Reviews, 99, 125–161. 526 
Strow, L. L., Motteler, H., Tobin, D., Revercomb, H., Hannon, S., Buijs, H., Predina, J., 527 
Suwinski, L., & Glumb, R. (2013).  Spectral calibration and validation of the Cross-track 528 
Infrared Sounder on the Suomi NPP satellite.  Journal of Geophysical Research, 118, 529 
12486–12496. 530 
Turner, A. G., & Annamalai, H. (2012).  Climate change and the South Asian Monsoon.  Nature 531 
Climate Change, 2, 587–595. 532 
Urai, M., Matsunaga, T., & Ishii, T. (1997).  Relationship between soil moisture content and 533 
thermal infrared emissivity of the sand sampled in Muus Desert China.  Remote Sensing 534 
Society of Japan, 17, 322–-331. 535 
Valor, E., & Caselles, V. (1996).  Mapping land surface emissivity from NDVI: application to 536 
European, African, and South American areas.  Remote Sensing Environment, 57, 167–537 
184. 538 
Verstraeten, W. W., Veroustraete, F., van der Sande, C. J., Grootaers, I., & Feyen, J. (2006).  539 
 30 
Soil moisture retrieval using thermal inertia, determine with visible and thermal spaceborne 540 
data, validated for European forests.  Remote Sensing Environment, 101, 299–314. 541 
Wagner, W., Lemoine, G., & Rott, H. (1999).  A Method for Estimating Soil Moisture from ERS 542 
Scatterometer and Soil Data.  Remote Sensing Environment, 70, 191–207. 543 
Wan, Z. M., & Li, Z., L. (1997).  A physics-based algorithm for retrieving land-surface 544 
emissivity and temperature from EOS/MODIS data.  IEEE Transactions on Geoscience and 545 
Remote Sensing, 35, 980–996. 546 
Wang, L., & Qu, J. J. (2009).  Satellite remote sensing applications for surface soil moisture 547 
monitoring: A review.  Frontiers of Earth Science in China, 3, 237–247. 548 
Zhou, D. K., Larar, A. M., & Liu, X. (2013).  MetOp-A/IASI Observed Continental Thermal IR 549 
Emissivity Variations.  IEEE Journal of Selected Topics in Applied Earth Observations and 550 
Remote Sensing, 6, 1156–1162. 551 
Zhou, D. K., Larar, A. M., Liu, X., Smith, W. L., Strow, L. L., Yang, P., Schlüssel, P., & Calbet, 552 
X. (2011).  Global land surface emissivity retrieved from satellite ultraspectral IR 553 
measurements.  IEEE Transactions on Geoscience and Remote Sensing, 49, 1277–1290. 554 
Zhou, D. K., Smith, W. L., Larar, A. M., Liu, X., Taylor, J. P., Schlüssel, P., Strow, L. L., & 555 
Mango, S. A. (2009).  All weather IASI single field-of-view retrievals: case study - 556 
validation with JAIVEx data.  Atmospheric Chemistry Physics, 9, 2241–2255. 557 
Zhou, D. K., Smith, W. L., Li, J., Howell, H. B., Cantwell, G. W., Larar, A. M., Knuteson, R. O., 558 
Tobin, D. C., Revercomb, H. E., & Mango, S. A. (2002).  Thermodynamic product 559 
retrieval methodology for NAST-I and validation.  Applied Optics, 41, 6957–6967. 560 
 561 
 562 
 31 
List of figure captions: 563 
Fig. 1.  A sample of pseudo dry-emissivity climatology for June is calculated using MW-VSM 564 
climatology and IR emissivity climatology at 1240 cm-1. 565 
Fig. 2.  Two samples of correlation between soil moisture and IR emissivity as a function of 566 
pseudo dry-emissivity depending on location and time. The symbols shown on the curves 567 
indicate the monthly climatology of MW-VSM and IR emissivity, which are used to calculate 568 
pseudo dry-emissivity.   569 
Fig. 3.  IASI week-to-week soil moisture distribution from two consecutive weeks in August 570 
2010. 571 
Fig. 4.  August 2010 monthly mean: (a) MW-VSM, (b) IR-VSM, and (c) the difference between 572 
MW- and IR-VSM in (m3/m3).  The R2 and STDE indicated are from the plotted areas. 573 
Fig. 5.  Same as Fig. 4, but for a global coverage.  The R2 and STDE indicated are from the 574 
plotted areas. 575 
Fig. 6.  (a) Monthly mean MW- and IR-VSM from Central Australia, (b) September samples 576 
only.  R2 and STDE shown in the plot are from their overlapped period from June 2007 to 577 
December 2016. 578 
Fig. 7.  Similar to Fig. 6, but from Southeast Pakistan (near the Indian border). 579 
Fig. 8.  Samples plotted to show VSM variation for both MW-VSM (in blue) and IR-VSM (in 580 
red).  581 
Fig. 9. IR-VSM estimated with IASI emissivity and climatological pseudo dry-emissivity (in 582 
red), IR-VSM estimated with IASI emissivity and a constant pseudo dry-emissivity of 0.978 (in 583 
blue), and IR-VSM estimated with a constant emissivity of 0.964 and climatological pseudo dry-584 
emissivity (in green, repeated every 12 months) are plotted from Central Australia. 585 
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Fig. 10. Relationship between the emissivity and estimated soil moisture plotted in Fig. 6 586 
(Central Australia). 587 
Fig. 11. Similar to Fig. 9, but from Southeast Pakistan (near the Indian border): IR-VSM (in 588 
blue) uses a constant pseudo dry-emissivity of 0.980, and IR-VSM (in green, repeated every 12 589 
months) uses a constant emissivity of 0.962. 590 
Fig. 12.  Similar to Fig. 10, but from Southeast Pakistan (near the Indian border). 591 
Fig. 13.  Global monthly statistical parameters of R2 and STDE between MW- and IR-VSM. 592 
